SLAIR: Structured Latent Flow Matching for
All-in-One Image Restoration

Shuyi Liang™®, Yixin Yang™'®, Hanyue Lou'®,
Yuning Cui?®, and Boxin Shif!

! Peking University
2 Technical University of Munich
liangshuyi@stu.pku.edu.cn yuning.cui@in.tum.de
{yangyixin93,hylz,shiboxin}@pku.edu.cn

Abstract. Image restoration aims to recover high-quality images from
degraded observations, yet existing methods struggle with diverse degra-
dation types. In this work, we propose SLAIR, an all-in-one image restora-
tion framework integrating latent space separation and deterministic
transport. We introduce a latent-space separation approach that ensures
stable, distinct representations of degraded and clean images, facilitat-
ing effective flow matching. By learning continuous transport flow in a
latent space via an ordinary differential equation (ODE), our method
enables deterministic restoration without relying on degradation labels
or stochastic sampling. While the restoration is performed in the la-
tent space, a high-frequency refinement module is introduced into the
latent decoder to handle detail distortion during decoding. Experiments
demonstrate that SLAIR outperforms existing approaches in terms of
both perceptual quality and computational efficiency, making it a robust
solution for scalable, degradation-agnostic image restoration. Our project
page is available at https://fightforql.github.io/SLAIR-pagel
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1 Introduction

Image restoration aims to recover high-quality images from degraded observa-
tions and plays a crucial role in applications such as robotic vision, remote
sensing, and medical imaging [14,/50,59]. While task-specific models for denois-
ing |67,(68], deraining [11}/42], and dehazing |21,/44] have achieved significant
progress, practical deployment often requires a unified system capable of han-
dling diverse, unknown, and even mixed degradations. This motivates the de-
velopment of all-in-one image restoration models [8}[18]/22,41}|461/51,/64] that
generalize across degradation types without prior knowledge.
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(b) ODE Trajectory From Degraded to Restored Image

Fig. 1: Latent space visualization and performance analysis. (a) A comparison between
the original Variational Autoencoder (VAE) and our degradation-aware VAE using
t-SNE . Each point represents a single image encoded by the VAE and projected
to 2-D via t-SNE, with colors denoting eight degradation types and clean. While the
original space is entangled, our Degradation VAE effectively clusters distinct degrada-
tion types, providing a more structured prior for the restoration process. (b) Illustrates
the sampling process via the flow ODE. As the time step ¢ evolves from 0 to 1, the
degraded input is progressively refined into a high-quality image.

Despite recent advances, existing all-in-one approaches still face several limi-
tations. First, many methods explicitly estimate degradations or rely
on prompt-based modulation , creating a dependency between degradation
perception and image restoration. Once the perceived degradation is inaccurate,
restoration is inevitably misled, leading to artifacts. Second, most approaches
are trained with deterministic regression objectives , which tend to aver-
age plausible solutions and suppress details. Third, diffusion-based models
improve perceptual realism but rely on stochastic sampling and iterative refine-
ment, increasing computational cost. Therefore, designing a unified framework
that simultaneously achieves high perceptual quality, strong degradation adap-
tivity, and computational efficiency remains a challenging problem.

In this work, we revisit all-in-one image restoration from the perspective of
flow matching . Rather than predicting degradation features or reversing
a stochastic corruption process, we formulate restoration as learning a condi-
tional neural vector field that continuously transports degraded latents toward
the clean latents. This perspective eliminates explicit degradation modeling and
reframes restoration as distribution-level alignment instead of pixel-wise regres-
sion. A key requirement for stable transport is a well-structured relationship
between degraded and clean representations. When their latent embeddings are
entangled using the original Variational Autoencoder (VAE) encoder, as shown
in the left side of Figure (a), the transport dynamics become complex and diffi-
cult to learn. To address this issue, we introduce a VAE-based latent structuring
mechanism that explicitly enlarges the representation gap between degraded
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and clean samples. By increasing inter-manifold separation in latent space, we
impose clearer geometric organization between the two distributions using the
fine-tuned degradation VAE, illustrated in the right side of Figure [I| (a), sim-
plifying the transport dynamics and improving training stability. While latent
space recovery exhibits distortion when decoding to image space, we introduce
a VAE-based high-frequency refinement module to mitigate spatial distortion.

Building upon these components, we propose SLAIR, a structured latent
flow matching for all-in-one image restoration, which learns a deterministic ODE
that maps degraded latent to their clean counterparts through continuous trans-
formation as presented in Figure (b). SLAIR provides a unified and stable alter-
native to regression-based and diffusion-based restoration approaches, achieving
high perceptual fidelity while remaining computationally efficient.

Our contributions are summarized as follows:

— a transport-based formulation for all-in-one image restoration, eliminating
explicit degradation modeling and unifying diverse tasks;

— a latent-space structuring strategy that enlarges the separation between de-
graded and clean latents;

— a high-frequency details refinement module that reduces distortions.

We evaluate SLAIR on 9 datasets including 8 tasks, which demonstrates the best
overall performance on degradation removal and detail recovery.

2 Related Work

2.1 Diffusion Models for Image Restoration

Image restoration is a prominent application of diffusion models, due to their
powerful generative priors. Following DDPM [16], works such as DiffIR [56] and
ResShift [63] utilize e-prediction or zg-prediction to refine degraded inputs. More
recently, Flow Matching (FM) |26/27] (also called v-prediction [48]) has emerged
as an efficient alternative, offering straight vector field paths that reduce infer-
ence latency and improve training stability. Building on this paradigm, several
works model restoration as direct transport between degraded and clean distribu-
tions: PnP-Flow [36] and ResFlow [43] learn deterministic flow paths, PMRF [39)
bridges degraded distributions to MMSE reconstructions before transporting to
clean, and ELIR [6] performs latent flow matching for blind face restoration.

2.2 All-in-One Image Restoration

All-in-one image restoration aims to handle multiple degradations within a sin-
gle unified model. Early works [12,/24] often adopt multi-head architectures that
require an explicit assessment of degradation types to select specific branches. To
achieve blind restoration, AirNet [22]| utilizes contrastive learning for degrada-
tion representation, while IDR [66] reformulates degradations into fundamental
physical ingredients. To enable unified handling of multiple tasks, prompt-based
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methods [32}41},/52] introduce task-specific information via tunable prompts,
while other approaches [17131,/65] obtain degradation priors by training separate
classifiers or leveraging multimodal priors derived from Vision-Language Models
(VLM). Beyond spatial priors, AdalR [8] explores the frequency domain to cap-
ture diverse degradation characteristics via adaptive spectral decomposition and
modulation. Meanwhile, from a structural perspective, MoE-based [57}/61,/64L70]
frameworks leverage dynamic routing mechanisms to adaptively partition the pa-
rameter space. Nevertheless, these methods are typically characterized by high
computational costs and a deficiency in generative priors, which limits their
capability to reconstruct high-fidelity details under extreme degradations.

2.3 Diffusion-based All-in-One Image Restoration

Due to their superior generative priors, diffusion models have increasingly be-
come a dominant paradigm for all-in-one image restoration. Existing meth-
ods [3}[7,(19, 25, [56L|71] leverage diffusion models with a U-Net backbone for
multi-task restoration; however, they are often constrained by limited receptive
fields and struggle to balance computational efficiency with restoration precision.
Recently, Diffusion Transformers (DiT) have demonstrated superior scalability
and modeling capacity. Some methods [4,[10] have begun to adapt DiT to image
restoration, achieving promising performance. In parallel, while transport-based
methods [6},36,39,/43] provide a deterministic and efficient generative paradigm,
they remain confined to single-source per-task settings. Extending them to all-in-
one is ill-posed without explicit latent structuring, as multiple degraded distribu-
tions must converge to a single shared clean target. Notably, LightningDiT [60]
integrates flow matching within the DiT framework and aligns the latent space
with vision foundation models, achieving state-of-the-art performance with ac-
celerated convergence. Inspired by this, we adopt a DiT-based architecture to
unify all-in-one restoration within a deterministic flow framework.

3 Method

As shown in Figure 2| given a degraded image Iges and its ground-truth (GT)
image I, our goal is to learn a unified restoration system that is (i) degradation-
agnostic, (ii) perceptually faithful, and (iii) practical across resolutions. We work
in a latent space defined by a VAE with encoder E(-) and decoder D(-):

Zdeg = E(ldeg), 25t = E(Ig), jdeg = D(zdeg), Lgt = D(zgt), (1)

where fdeg and fgt are reconstructed images from VAE.

Our framework, SLAIR, is built on three design principles: (1) latent sep-
aration before transport, ensuring reliable transport by structuring the latent
space; therefore, we update the VAE to explicitly separate degraded and clean
latents while maintaining reconstruction ability as described in Section (2)
deterministic continuous transport, where we learn a conditional vector field to
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Fig. 2: Overview of the SLAIR framework. A degraded image is first encoded into
latent space via VAE in Section [3.2] where a classification-based latent separation loss
is adopted to encourage a clear distinction between degraded z4qcg and clean latents zgs.
Flow matching then models deterministic transport from zqeg to zg¢ through a learned
velocity field solved by an ODE solver with a LightningDiT backbone as described
in Section [3-3] Finally, a high-frequency refinement module proposed in Section [3.4]
further enhances details via wavelet-based fusion, producing the restored image.

map Zdeg — Zgt Without degradation classification; accordingly, we learn the
transport vector field in latent space via flow matching and perform inference by
solving an ODE in Section (3) high-frequency details refinement with the
VAE decoder in Section [3:4] which avoids geometric distortion during inference;
thus, we achieve distortion-free inference through a VAFE refinement module and
positional encoding interpolation.

3.1 Preliminaries

Diffusion Models and Latent Diffusion. SLAIR is based on latent diffusion
and adopts the flow matching strategy to learn the flow transport from degrada-
tion latents to clean latents. Diffusion models (DMs) learn data distributions by
progressively corrupting a clean image into noise and training a neural network
to reverse this process. However, directly operating in pixel space is compu-
tationally expensive, especially at high resolutions due to quadratic attention
costs. To address this, Latent Diffusion Models (LDMs) introduce a variational
autoencoder (VAE) to map images into a lower-dimensional latent space, sig-
nificantly reducing spatial complexity . The encoder E(-) projects an input
image I into a latent representation z, while the decoder D(-) reconstructs the
image from the latent code, i.e., z = E(I) and I = D(z). The denoising models
are processed in the latent space.
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Flow Matching. Diffusion models use denoising-based approaches for genera-
tion by reversing a noising process. The model is trained to recover clean samples
from noisy observations through a denoising process. However, Flow Matching
offers an alternative approach based on continuous-time transport. In FM, in-
stead of denoising, we learn a neural vector field vy (z,t) that directly transports
samples from a source distribution to a target distribution through an ODE.
Compared to denoising, FM provides the advantage of learning deterministic
transport dynamics without the need for stochastic sampling or noise predic-
tion, enabling more stable and efficient mappings from degraded to clean data.

3.2 Degradation-Aware Latent Separation

As shown in Figure[2] our transport model aims to learn a vector field that moves
a degraded latent z4e toward its clean counterpart zg¢. As shown in Figure (a),
different degradations have obvious small clusters, which indicates that VAE has
potential for degradation identification. However, the clean 2y, and degradation
Zdeg are entangled in latent space. Therefore, using the latent space defined by
the original VAE raises two issues: (i) ambiguous transport direction: small
and inconsistent displacements make the target velocity ill-conditioned under
noise and data variability; (ii) unstable training: the learned vector field must
vary sharply in local neighborhoods to separate overlapped manifolds, thereby
increasing optimization difficulty and harming generalization. To alleviate these
issues, we explicitly structure the latent space within VAE to enforce separability
between degraded and clean representations, thereby rendering the subsequent
transport problem better posed. Specifically, this is achieved by augmenting the
original VAE objective [60] with a separation loss that enforces a margin between
the latent representations of degraded and clean images.

Classification-Guided Separation. To structure the latent space, we intro-
duce a classification-guided separation mechanism. Specifically, we append a
lightweight auxiliary classifier foiassity(-), typically implemented as a multi-layer
perceptron (MLP), to the encoder. For a given latent representation z, the clas-
sifier performs a two-level task: a binary domain classification to distinguish
between clean and degraded representations, and a fine-grained classification to
identify specific degradation types. The total classification objective Lciassify is
formulated as a weighted sum of two cross-entropy losses:

£Classify - )\binary£CE(15binary7 ybinary> + /\subECE(ISsuba ysub)7 (2)

where Poinary and Psub are derived from the classifier output p = fus(2). Specifi-
cally, Pbinary is the probability distribution over the clean and degraded domains;
Psub represents the fine-grained probability distribution across specific degrada-
tion types. Ypinary € {0,1} denotes the GT domain label (where 1 represents
the clean domain and 0 represents the degraded domain), while yg,p, is the GT
label for the specific degradation category. Specifically, the loss weights are em-
pirically set to Apinary = 0.015 and Mgy, = 0.01 to balance the fundamental
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Fig. 3: Comparison between original VAE and our finetuned one. (a) The finetuned
VAE can better capture high-frequency details both for degradation and ground truth.
The numbers above the images denote PSNR values. (b) Although the classification
separation is introduced, the reconstruction ability is still preserved and even better.
The reported metrics are calculated on ImageNet @I

reconstruction fidelity with the newly introduced latent structuring constraints.
Here, the labels are introduced solely to facilitate latent space disentanglement
and do not constrain the range of degradations the model can address, as the
actual degradation removal is carried out within the diffusion process.

VAE loss. Original VAE is trained with reconstruction and KL loss:
Lyae = ”Igt - D(th)”l +Ap LPIPS(Igt7 D(th)) + A KL(Q(2|fgt)||p(Z))~ (3>

The separation constraint increases the inter-manifold gap between degraded and
clean representations while preserving reconstruction fidelity. This has two direct
benefits for transport learning: (1) stable supervision: the displacement u =
Zgt — Zdeg Decomes sufficiently informative and less sensitive to local noise; (2)
smoother dynamics: with reduced manifold overlap, the vector field does not
need to “untangle” representations locally, leading to more stable optimization
and better generalization. Therefore, our final latent-structuring loss is:

Etotal = ‘Cvac + Eclassify~ (4)

We only modify the training objective and the VAE architecture remains un-
changed. To qualitatively verify the effectiveness of the proposed representation
separation, we employ t-SNE to visualize the latent distributions. The separa-
tion loss encourages a clear margin between the two distributions as shown in
Figure (a), preventing overlap between degraded and clean representations and
ensuring that the flow dynamics exhibit a well-defined direction and magnitude.
We achieve higher reconstruction quality as illustrated in Figure [3] indicating
that this latent space separation does not influence the reconstruction abilities.

3.3 Conditional Transport via Flow Matching

In image restoration, many learning-based methods estimate the degradation
type or degradation-related features , while some approaches
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rely on stochastic iterative sampling procedures [30L|31]. However, these ap-
proaches come with inherent limitations: (1) degradation classification: in-
correct degradation labels or features can lead to errors in restoration; and (2)
stochastic sampling: random initial noise introduces instability and ineffi-
ciencies in the restoration process. To address these challenges, we propose an
alternative way illustrated in Figure 2} modeling restoration as a deterministic
flow transformation from the degraded latent representation zgeg to the clean
latent representation zg¢. Unlike methods that require explicit degradation clas-
sification, our approach directly learns the conditional flow between zgeg and zg¢
through a vector field by FM, which is easy to scale up to an unlimited number
of degradations. FM can avoid error propagation and provide a stable alterna-
tive to stochastic sampling, while retaining the expressive power of generative
modeling through a learned vector field.

Path Construction under Paired Supervision. With paired degraded la-
tent zgee and target latent zg, we construct intermediate states of the sample
step t along a simple interpolation path:

2t = (1 — t)2deg + t2gt, t~U(0,1), (5)
whose time derivative provides a natural supervision signal:
dx;
dt
This choice turns restoration into learning a conditional velocity field that con-
sistently points from degraded representations to clean ones.

Uy = = Zgt — Zdeg- (6)

Bridge Noise |72] for Robustness. Training only on the noiseless path can
lead to a brittle vector field that overfits to a thin trajectory manifold. To en-
courage local consistency and improve robustness, we perturb intermediate states
with bridge noise following DDBM [72]:

Tp=x + V(1 —t)e, e~N(0,1). (7)

The factor 1/t(1 — t) injects stronger perturbations near the middle of the path
while keeping endpoints stable, which empirically stabilizes training and im-
proves generalization.

Conditional Velocity Regression. We parameterize the vector field with a
conditional DiT backbone vg(-) based on LightningDiT [60]:

Lom = E [[Jog(Eert: 20es) — uel3] ®)
We add a cosine alignment term to emphasize directional correctness:
Leos = E[1 — cos (vg(F¢,t;-),ur)] (9)

resulting in the final transport loss:

£transport = Lim + Ecos- (10)
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Fig. 4: Illustration of the high-frequency details refinement. (a) Multi-scale degradation
features are integrated into the VAE decoder via fusion blocks. (b) Visual comparison
of fusion losses. Residual heatmaps are obtained by subtracting the “No fusion” out-
put. Compared to “Directly L2 fusion” (which reintroduces degradation), our proposed
“High-freq fusion” effectively recovers sharp edges while keeping the background clean.

Inference. At inference time, we start from £(0) = zqes and solve:

dz(t)
dt

to obtain 2(1), which is then decoded into the restored image. This formulation
decouples restoration from stochastic sampling and yields stable predictions un-
der identical inputs. By learning this deterministic transport, our method ben-

efits from the expressive power of generative modeling while providing a stable
and efficient restoration process.

=09(2(t),t; Zdeg), t:0—1, (11)

3.4 High-frequency Details Refinement

Although performing in latent space reduces computational complexity, it can
result in the loss of high-frequency details. To mitigate this issue, we adopt high-
frequency details refinement with the help of degradation features as illustrated
in Figure 2] We introduce pyramid VAE encoder features to the decoding pro-
cess as shown in Figure [4] (a), ensuring that the high-frequency information is
introduced when transitioning from latent space to pixel space by adopting L2
loss and perceptual loss as below:

Linse = El|Ige = I13],  Lpere = Elll¢(Ie) — o(DI13], (12)

where I, and I denote the GT image and the reconstructed image, respectively;
¢(-) represents the feature extraction operator of a pre-trained perceptual net-
work VGG [49]. However, as shown in Figure [4] (b), when performing direct
regression using Equation , degradation may be reintroduced during de-
coding, even if it has been removed in the latent space. This happens because
the decoder, when introducing high-frequency features from degradation inputs,
might inadvertently introduce the high-frequency degradation which is entan-
gled with high-frequency details, thereby introducing unavoidable degradation
especially for high-frequency degradation tasks (e.g., deraining, demoiréing).
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To avoid introducing high-frequency degradation from the inputs, we intro-
duce a frequency-based refinement loss, which optimizes the decoding process
by incorporating non-degradation details from the degraded image, thus pre-
venting the reintroduction of degradation information. Specifically, we employ a
Wavelet-based high-frequency loss Ly, defined as:

Lung = |DWThe(Lg) — DWTyu(1) |1, (13)

where DWT\¢(-) represents the Discrete Wavelet Transform (DWT) that extracts
the horizontal, vertical, and diagonal high-frequency coefficients. By minimizing
the L, distance in the wavelet domain, we explicitly force the decoder to re-
cover sharp edges and fine textures, thereby suppressing the reintroduction of
degradation artifacts as illustrated in Figure 4| (b).

3.5 Implementation Details

Latent Separation. VAE for latent separation follows the original architecture
of LightningDiT [60] and is implemented using PyTorch. Training is conducted at
a resolution of 256 x 256 with a batch size of 16 in a full fine-tuning manner. Adam
optimizer with learning rate 3 x 10~ is applied, optimized for 1 epoch on a single
NVIDIA RTX 5090 GPU. Furthermore, to preserve the original reconstruction
capability of the VAE, we employ a combination of the aforementioned task-
specific data and a diverse portion of the ImageNet [9] training set.

Transport ODE. Our transport ODE is implemented using PyTorch, and
trained with a resolution of 512 x 512 and batch size of 12. We train our ODE
backbone from scratch with AdamW optimizer and learning rate 1074, § =
(0.9,0.95) for 100k steps on two NVIDIA RTX 5090 GPUs.

Details Refinement. We focus on optimizing the fusion layers within the
VAE decoder to adaptively integrate multi-scale degradation priors. During this
stage, the VAE backbone and transport model remain frozen, while only the
fusion modules are updated using the Adam optimizer, a batch size of 2, and a
learning rate of 1 x 10~ for 1 epoch on a single NVIDIA RTX 5090 GPU.

4 Experiments

We evaluate SLAIR under two settings. (i) Comprehensive 8-task: we evaluate
on 8 degradation types across 9 datasets, where compared methods are eval-
uated using their official pretrained models. (i) Standard all-in-one: following
previous works [8/41,/64], we train SLAIR on the standard 5-task setting (de-
noising, deraining, deblurring, dehazing, and low-light enhancement). Additional
experiments, including ablation studies and analysis on generalization ability, are
provided in the supplementary material.
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Table 1: Quantitative comparison on all benchmarks under setting (i). Bold and
underline indicate the best and the second best performance, respectively.

Method Rain1400 Outdoor-Rain Raindrop UHDSnow SOTS
PSNR?T SSIMt LPIPS| FID, PSNRt SSIMt LPIPS| FID] PSNRf SSIMT LPIPS| FID| PSNRfT SSIMt LPIPS] FID, PSNRt SSIMt LPIPS| FID,
AirNet, 24.32 764 207 8549 16.39 .600 457 200.99 21.91 .832  .191 119.98 2214 780 232 106.28 26.57 .925  .056 19.97

| 2540 798 176 73.90 17.22 .614 445 190.44 22.79 836 174 119.66 23.12 847 177 8221 28.90 974  .016 4.26
DA-CLIP |31 2589 816 .158 63.91 1515 .544 .483 191.80 29.74 .896 .052 34.25 31.43 .944 .042 18.76 30.94 965 .016 4.67
30.19 .903 .072 25.52 14.74 .603  .431 132.02 23.50 .844  .170 113.43 29.41 .943  .056 27.59 31.11 .976 .011 9.53
24.52 760 205 83.96 16.96 .611 445 191.35 23.00 .840 174 121.01 2247 792 222 99.96 27.56 .939  .041 11.36
DCPT ﬁ 2525 .792 .184  79.31 13.51  .554 2501 199.03 18.28 788 199 11858 22.95 .837 189  89.27 29.58 973 016 4.44
2470 773 .203  87.27 16.66 .610 1449 191.79 22.40 .829 A78  117.44 22,56 812 217 101.85 30.08 .975 014  4.22

VLU-Net 24.55 765 201 84.64 17.02 612  .446 190.74 22.88 .837  .179 11529 22.38 784 229 103.67 27.68 .941  .043 12.44

Ours 29.36 .893 .080 29.64 22.50 .815 .187 55.75 28.74 .904 082 45.66 28.62 .925 .068 30.54 26.02 .938 .034 8.89
J Eye rerage

Method BSD68 LoL UHDM HDR-Eye Average

PSNR{ SSIMt LPIPS| FID| PSNRf SSIMt LPIPS, FID| PSNR{ SSIM{ LPIPS| FID| PSNR{ SSIM{ LPIPS| FID| PSNRf SSIMt LPIPS| FID|

AirNet [22] 26.17 .636 429 74.70 24.01 720 278 97.91 1822 .698  .234 54.89 16.04 753 175 62.10 21.75 .745 .251 91.37
PromptIR 41| 22.32 445 564 83.77 2523 771 228 97.15 1857 .703 223 53.04 16.18 740  .172 5549 22.19 748  .242 8444

DA-CLIP. ﬁ 27.98 777 A190  60.57 26.57 .804 210 12459 18.61 .727 222 54.06 16.65 .785 162 5848 24.77 .806  .171
DiffUIR, 20.41 558 473 86.91 19.35  .809 J180  89.85 1857 737 208 4862 17.41 .815  .149 54.28 22.74 .799 194 .
AdalR 23.04 478 546 83.58 2214 734 256 102.82 18.76 .719  .222 52,09 17.34 784 165 56.88 21.75 .740  .253 89.22
DCPT 22.38 457 566 82.82 26.02 .789  .212 100.60 17.81 .715  .230 54.91 13.96 .799 .186 64.68 21.08 .745 .254 88.18

MoCE-IR
VLU-Net

2531 .587 456 76.79 27.50 .836 .169 96.04 1854 708  .226 53.47 16.25 .758 .172 56.03 22.67 .765  .232 87.21
2345 495 516 81.66 21.09 820 175 97.94 1871 719  .222 5248 16.44 750 171 5543 21.58 747 242 88.25

Ours 28.36 .858 .178 48.78 26.83 .833 .139 69.76 21.59 .847 .114 26.45 23.29 .870 .148 54.36 26.15 .876 .114 41.09

Datasets. Setting (i): We prepare datasets covering 9 benchmarks across 8
degradation types. 1) Denoising: we utilize a combined set of the BSD400
and WED datasets for training, which consists of 400 and 4,744 samples,
respectively, and evaluate on BSD68 with 68 images. 2) Deraining: we em-
ploy the Rain1400 dataset which contains a total of 12,600 image pairs, and
evaluate on its test split of 1,400 images. 3) Deraining & Dehazing: we eval-
uate on Outdoor-Rain [23|, which combines rain, haze, and low-light degrada-
tions, including 750 images. 4) Raindrop removal: we combine the RainDrop ,
RaindropClarity , and RainDS datasets, providing a joint training set of
10,911 samples, and evaluate on RainDrop with 58 images. 5) Desnowing: we uti-
lize the Snow100K dataset for training, which comprises 50,000 images, and
evaluate on UHDSnow with 200 images. 6) Dehazing: we utilize SOTS
that contains 72,135 training images, and evaluate on its test split of 500 images.
7) Demoiréing: we combine the UHDM and FHDMi datasets, resulting
in a total of 14,481 training pairs, and evaluate on UHDM with 500 images. 8)
Low-light enhancement: we utilize the Lol-v1 dataset, which contains 485
image pairs, and evaluate on its test split of 15 images. 9) High Dynamic Range
(HDR) reconstruction: we synthesize over-exposed and under-exposed images
using data from HDR-SYNTH and HDR-REAL ; after a filtering pro-
cess, we construct a comprehensive training set comprising 9,438 over-exposed
and 7,763 under-exposed image pairs, and evaluate on HDR-Eye . The pro-
posed model is trained on the joint set of the aforementioned training data. All
evaluations are performed at a resolution of 512 x 512. Setting (ii): Following
prior works [8[41,/64], we train on the standard 5-task benchmark. For image
denoising, we combine BSD400 |2] and WED , adding Gaussian noise at lev-
els o € {15,25,50}, and evaluate on BSD68 . For deraining, deblurring, and
dehazing, we follow the standard setting, using Rain100L , GoPro [37], and
SOTS for both training and evaluation, respectively. For low-light enhance-
ment, we utilize Lol-v1 for both training and evaluation.
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Fig. 5: Qualitative comparison on Rain1400 and Outdoor-Rain . Compared
with existing methods, our SLAIR produces better deraining results and finer details.

Methods. To evaluate the performance, we compare the proposed method with
a diverse set of representative baselines, including CNN-based discriminative
models and recent diffusion-based generative approaches: 1) AirNet : ex-
tracts degradation-related information via contrastive learning that is used for
guiding subsequent restoration; 2) PromptIR : encodes degradation infor-
mation into the pre-set prompts; 3) DA-CLIP : leverages pre-trained vision-
language models via image and text encoders; 4) DiffUIR : maps different
degradations into a shared distribution via diffusion-based selective hourglass
mapping. 5) AdalR : mines and modulates the frequency priors to enhance
image restoration; 6) DCPT : expands and utilizes the degradation classi-
fication ability of the restoration model; 7) MoCE-IR : leverages the MoE
layer to selectively activate complexity experts based on input requirements; 8)
VLU-Net : integrates an automatic gradient estimation strategy based on
vision-language models for multiple degradation restoration.

Quantitative Evaluation. We adopt four metrics for quantitative evaluation:
peak signal-to-noise ratio (PSNR), structural similarity (SSIM), the perceptual
error with learned perceptual image patch similarity (LPIPS) [69], and Fréchet
Inception Distance (FID) [15]. Setting (i). As shown in Table[T] SLAIR achieves
state-of-the-art average performance across all datasets, improving PSNR by
5.6% and reducing LPIPS by 33% over top baselines. It demonstrates remark-
able performance, with PSNR gains on UHDM (15%) and Outdoor-Rain (30%),
alongside improvements on BSD68 and HDR-Eye. While some baselines remain
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Fig. 6: Qualitative comparison on RainDrop and UHDSnow . Our SLAIR
exhibits better raindrop and snow removal ability.

competitive on individual weather benchmarks such as Rain1400, Raindrop, and
UHDSnow, SLAIR exhibits strong overall robustness across diverse degradation
types. Setting (ii). As shown in Table [2| under the standard 5-task bench-
mark, SLAIR achieves the best SSIM, LPIPS, and FID among all compared
methods, including the diffusion-based DiffUIR , demonstrating competitive
performance under a fair and aligned training setting.

Qualitative Evaluation. Qualitative comparison for Setting (i) is depicted
in Figures [f] to [7] with one sample per dataset. Overall, our method produces
visually more faithful results with sharper structures and fewer artifacts. For
weather-related degradations (Rain1400, Outdoor-Rain, RainDrop, and UHD-
Snow), existing methods may leave noticeable rain streaks or over-smooth im-
age details, while our approach effectively removes degradations while preserving
fine textures, such as the fur details of the deer and the sharp edges of the mo-
torcycle. On RainDrop and UHDSnow, our method better recovers structural
details and avoids blurring artifacts observed in several baselines. For other
restoration tasks, including BSD68, Lo, UHDM, and HDR-Eye, our method
also produces results that are visually closer to the ground truth, with improved
texture fidelity and more natural brightness and contrast. These visual compar-
isons highlight the effectiveness and strong generalization ability of the proposed
framework across diverse restoration scenarios. Qualitative comparisons for Set-
ting (ii) are included in the supplementary material, further demonstrating that
SLAIR maintains consistent visual advantages under the standard setting.



14 S. Liang et al.

Table 2: Performance on the standard 5-task all-in-one benchmark (BSD68, GoPro,
LoL, Rain100L, SOTS). Bold and underline indicate the best and the second best
performance, respectively.

Method BSD68 GoPro LoL
PSNRt SSIM?T LPIPS| FID| PSNRf SSIMt LPIPS| FID| PSNR?t SSIM1 LPIPS| FIDJ
AirNet [22] 26.17 .636 429 74.70 22.85 .766 275 60.57 24.01 .720 278 97.91

PromptIR |41] 22.32 445 564  83.77 22.65 .763 276 59.29 25.23 .771 228 97.15
DiffUIR |71] 20.41  .558 473 86.91 27.62 .844 .201 4099 19.35 .809 .180  89.85
AdalR [8] 23.04  .478 546  83.58 28.98 .878 161 28.23 22.14 .734 .256  102.82
DCPT |17] 22.38 457 566  82.82 22.20 .799 242 45.09 26.02 .789 .212 100.60
MoCE-IR"|64] 25.31 .587 .456  76.79 30.46 .907 .125 22.36 27.50 .836 169 96.04
VLU-Net [65] 23.45 .495 516 81.66 28.25 .860 184 34.67 21.09 .820 175 97.94

Ours 29.21 .846 .139 39.99 25091 .796 .153 32.87 29.13 .883 .083 45.75
Method Rainl100L SOTS Average

PSNR?T SSIM1 LPIPS| FID| PSNR7 SSIM1 LPIPS| FID| PSNRt SSIM?T LPIPS| FIDJ
AirNet |22] 28.76  .881 147 41.40 26.57  .925 .056 19.97 25.67 .786 .237  58.91

PromptIR |41] 32.16 .902 .105 26.64 28.90 974 .016 4.26 26.25 .771 238 54.22
DiffUIR |71] 28.26  .898 165 79.52 31.11 .976 .011 9.53 25.35 .817 .206  61.36
AdalR 8| 28.85  .858 177 70.13 27.56  .939 .041 11.36 26.11 .777 236 59.22
DCPT [17] 30.61  .899 119 42,12 29.58 973 .016 4.44 26.16 .783 231 55.01
MoCE-IR|64] 29.26 .863 160 61.48 30.08 .975 .014 4.22 28.52 .834 .185  52.18
VLU-Net |65] 31.70 .897 115 34.55 27.68 .941 043 12.44 26.43 .803 207 52.25
Ours 31.01 .943 .060 28.89 26.67 .942 .033 7.76 28.39 .882 .094 31.05

5 Conclusion

We proposed SLAIR, a structured latent flow matching framework for all-in-
one image restoration. By formulating restoration as a deterministic transport
within an separated latent space, SLAIR bypasses degradation estimation and
stochastic sampling. To preserve fine details during decoding, we introduced
a wavelet-based high-frequency refinement to suppress artifacts. Experiments
across 8 diverse tasks demonstrate the state-of-the-art performance of SLAIR.

Limitations. While verifying the feasibility of latent-space flow matching, our
purely degradation-agnostic design trades off controllability; explicitly incorpo-
rating degradation labels or prompts could enable interactive adjustments, such
as controlling the restoration strength. Besides, constrained by computational
resources and the limited scale of high-resolution datasets, our training is re-
stricted to 512 x 512 patches, although SLAIR supports higher resolution.
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In this supplementary material, we provide implementation details and net-
work architecture in Section [A] ablation studies in Section [B] generalization and
adaptation analysis in Section [C} High Dynamic Range (HDR) data synthesis in
Section computational efficiency comparisons in Section [E] additional qual-
itative results in Section [} and the resolution-agnostic inference method with
its quantitative and qualitative results in Section [G]

A Implementation Details and Network Architecture

A.1 Training Pipeline of Flow-Matching DiT

The detailed training pipeline of our Flow-Matching framework is presented in
Algorithm [I] During each training iteration, we sample a time step ¢ to construct
the intermediate noisy latent x; by blending the clean and degraded latents with
a small Gaussian perturbation e. The network vy is then tasked with predicting
the ground-truth vector field u; = z1 — y.

A.2 Architecture of High-frequency Refinement Module

We detail the specific structure of the High-frequency Refinement Module as
illustrated in Figure[8} Initially, the encoder feature Fg,. is processed to suppress
artifacts and undergo spatial transformation:

Firans = ConvBlock(Denoise(Fene)) (14)

To selectively integrate these details, a Gating Mechanism computes a pixel-
wise gate map G to weight the transformed features. Subsequently, a Convolu-
tional Attention Block (CAB) is employed to generate a spatial attention
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Algorithm 1: Training

Input: Dataset D with clean latents x; and degraded latents y.
Output: Optimized parameters € of the conditional DiT backbone vy.
1 repeat

2 Sample (z1,y) ~ ¢(x1,y) from D;

3 Sample ¢t ~ Uniform(0,1) and € ~ N(0,I);
4 zp =ty + (1 —t)y +/t(1 - t)e

5 U = 1 — Y

6 Efm = ||'Ug($t,t, y) 7ut||2;

7 Leos = 1 — cos(vg(zy, t,y), ur);

8 Etransport = £fm + £cos;

9 Update 6 by minimizing Liransport;

10 until converged;

map A, which dynamically modulates the fusion of encoder and decoder features
to produce the attended feature Fauiin:

g - Gating([ftransv -FdecD (15)

-A - CAB([Ftrans © g7 fdec]) (16)

fattn = (ftrans®g)®/4+fdcc® (1+(1 *A) 03) (17)

where Denoise(-) and ConvBlock(-) represent the modules in Fig. [§| (b) and Fig.
(c), respectively. [+, -] is the concatenation, ® is the element-wise multiplication,

and Gating(-) denotes the gating mechanism in Fig. 8| (d). Furthermore, a per-
pixel AdaLN module is employed to modulate the fused features. Specifically,
as illustrated in Figure [§] (f), the AdaLN block takes the concatenated features
as input and performs the following operations to produce the modulated feature
Fmod:

(776) = gj([]:attna]:dec]) (18>

Fmod = LN(]:attn) © (1 + ’Y) + (19)

where ¥ denotes a lightweight parameter predictor consisting of two 1 x 1 con-
volutional layers and a SiLU activation function. LN represents the Layer Nor-
malization operation. Finally, the fused features are refined through two Res-
Blocks and integrated into the main stream via a weighted residual connection
with weight w:

Fiinal = w - ResBlocks([Frnod, Fdec)) + Fdec (20)
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Fig.8: The architecture of the proposed High-frequency Refinement Module. (a)
Overview of the refinement pipeline. (b) Denoise Block. (¢) Conv Block for spatial
transformation. (d) Gating Mechanism for selective feature integration. (e) Convo-
lutional Attention Block (CAB) for spatial attention map generation. (f) Per-pixel
AdaLN for feature modulation. (g) ResBlock for final feature enhancement.

B Ablation Study

We verify each component through ablation experiments in Table [3| Starting
from the baseline (first row), Degradation-Aware Latent Separation brings a
significant leap, with PSNR increasing from 19.67 dB to 22.69 dB, showing that
disentangling degradation in latent space provides a much cleaner prior. The
Details Refinement module further improves both PSNR and SSIM. However, we
observed that it might inadvertently reintroduce certain degradation artifacts.
To address this, we incorporate the High-frequency Details Refinement stage,
which leads to a significant drop in LPIPS to 0.114. These results demonstrate
that each component plays an indispensable role in our framework.

We further compare our DWT-based loss with Focal Frequency Loss (FFL),
an FFT-based frequency-domain loss. As shown in Table[d] DWT achieves com-
parable PSNR/SSIM while reducing average LPIPS from 0.166 to 0.114, confirm-
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ing that wavelet decomposition restores local details while suppressing artifacts
reintroduced by encoder feature fusion.

Table 3: Ablation study of our proposed components. The metrics are averaged over
all datasets.

Degradation-Aware Details High-frequency

Latent Separation Refinement Details Refinement PSNR 1 SSIM T LPIPS |

19.67 0.691 0.336
22.69 0.727  0.253
25.30 0.864 0.172
26.15 0.876 0.114

ENENENEN
ENENE SN
< X X X

Table 4: Comparison between FFIE}and the proposed DWT loss per dataset. DWT
loss achieves comparable PSNR/SSIM while substantially improving perceptual quality
(LPIPS) on most datasets.

FFL DWT loss (Ours)
Dataset PSNR1 SSIM1 LPIPS)|PSNR?t SSIM1 LPIPS|
Rain1400 [11] 28.86 0.884 0.166 | 29.36 0.893 0.080
Outdoor-Rain [23]| 22.92 0.824 0.173 | 22.50 0.815 0.187
RainDrop [42] 28.15 0.899 0.142 | 28.74 0.904 0.082
UHDSnow [53] 30.31 0.941 0.079 | 28.62 0.925 0.068
SOTS [21] 27.00 0.944 0.054 | 26.02 0.938 0.034
BSD68 [35] 26.71 0.835 0.311 | 28.36 0.858 0.178
LoL [54] 26.73 0.850 0.242 |26.83 0.833 0.139
UHDM [62] 19.72 0.813 0.197 | 21.59 0.847 0.114
HDR-Eye [38] 25.68 0.912 0.129 | 23.29 0.870 0.148
Average ‘ 26.23 0.878 0.166 | 26.15 0.876 0.114

C Generalization and Adaptation Analysis

To further examine the generalization of SLAIR, we conduct two complemen-
tary evaluations: testing on unseen datasets without task-specific fine-tuning,
and evaluating on novel degradation types beyond the original training setting.

3 FFL denotes Focal Frequency Loss: Jiang et al., “Focal Frequency Loss for Image
Reconstruction and Synthesis,” ICCV, 2021.
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Together they demonstrate the robustness of our degradation-agnostic latent
transport.

C.1 Generalization to Unseen Datasets

We further evaluate SLAIR on three unseen degradation datasets, including
RealRairﬂ Dense—Hazeﬂ, and EUVPEI As shown in Table |5, SLAIR achieves
the best SSIM and LPIPS on RealRain and Dense-Haze, and the best PSNR
on EUVP, indicating that its degradation-agnostic transport generalizes beyond
the training datasets.

Table 5: Zero-shot results on three unseen datasets without task-specific fine-tuning.

RealRain (Deraining) |Dense-Haze (Dehazing)| EUVP (Underwater)
Method PSNR1 SSIM?T LPIPS||PSNR1 SSIM1 LPIPS] [PSNR1 SSIM1T LPIPS|

AirNet [22] 19.86 0.662 0.513 | 10.52 0.379 0.784 | 19.64 0.758 0.356
PromptIR [41]| 22.93 0.739 0.469 | 11.40 0.399 0.749 | 19.96 0.761 0.356
DA-CLIP [31]| 23.11 0.757 0.484 | 11.04 0.393 0.763 | 19.51 0.764 0.351
AdalR 8] 23.03 0.752 0.487 | 10.87 0.400 0.761 | 20.10 0.777 0.314
DCPT [17] 15.34 0.662 0.573 | 832 0.346 0.843 | 19.21 0.757 0.334
MoCE-IR [64] | 20.59 0.699 0.530 | 11.38 0.403 0.760 | 20.11 0.776 0.316
VLU-Net [65] | 22.09 0.742 0.496 |11.46 0.408 0.744 | 20.12 0.769 0.321

Ours ‘22.82 0.795 0.450 | 11.09 0.435 0.685 | 20.43 0.772 0.332

C.2 Generalization and Adaptation to Unseen Degradations

To evaluate adaptability to degradations beyond the standard five-task training
setting, we test SLAIR on the RainDrop benchmark [42] as an unseen raindrop-
type degradation. We first assess the original SLAIR on both the training-task
and this unseen benchmark, then fine-tune only the DiT component on raindrop
data and re-evaluate to measure adaptation and retention.

As shown in Table [6] after fine-tuning only the DiT component for 6k op-
timization steps with a batch size of 4, SLAIR improves performance on the
unseen raindrop-type benchmark while largely preserving the original five-task
performance. Specifically, PSNR and SSIM remain unchanged on the five-task
benchmark, with only minor increases in LPIPS and FID. This demonstrates
that SLAIR can be efficiently adapted to unseen degradations with limited fine-
tuning while retaining its general restoration capability.

4 RealRain: Li et al., “Toward Real-world Single Image Deraining: A New Benchmark
and Beyond,” arXiv, 2022.

® Dense-Haze: Ancuti et al., “Dense-Haze: A Benchmark for Image Dehazing with
Dense-Haze and Haze-Free Images,” ICIP, 2019.

5 EUVP: Islam et al., “Fast Underwater Image Enhancement for Improved Visual
Perception,” IEEE RA-L, 2020.
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Table 6: Generalization and adaptation analysis. Performance before and after fine-
tuning the DiT component on unseen-degradation data.

Model ‘ 5-task Benchmark (Avg.) ‘ RainDrop Benchmark [42]
|PSNRT SSIMt LPIPS| FIDJ |[PSNRf SSIMt LPIPS| FID/
Original SLAIR 2839 .882  .094 31.05 | 23.28 .853  .170  108.02
SLAIR w/ 6k-Step DiT fine-tuning| 28.39  .882 096  33.92 | 23.54  .865 122 53.45
Performance change |-+0.00% +0.00% +2.13% +9.24%|+1.12% +1.41% -28.24% -50.52%

Table 7: Quantitative comparison on the RainDrop benchmark. The adapted SLAIR
is obtained by fine-tuning only the DiT component on the unseen-degradation data.

Method ‘PSNRT SSIM1t LPIPS| FIDJ|
AirNet [22] 21.91 .832 191 119.98
PromptIR [41] 22.79  .836 174 119.66
DA-CLIP [31] 29.74 .896 .052 34.25
DiffUIR [71] 23.50 .844 170 113.43
AdalR [8] 23.00 .840 .174 121.01
DCPT [17] 18.28 .788  .199 118.58
MoCE-IR [64] 22.40 .829 178 117.44
VLU-Net [65] 22.88 .837 .179 115.29
Original SLAIR, 23.28 .853 170 108.02
SLAIR w/ DiT fine-tuning| 23.54 .865 .122 53.45

D HDR Data Synthesis Details

Following the pipeline illustrated in Figure [0} we construct the training set by
performing data augmentation based on the collected HDR-REAL [28] and HDR-
SYNTH [28] datasets:

— Multi-sample Generation per Scene: For each HDR scene, we first ob-

tain a reference image through tone mapping. To simulate diverse real-world
lighting conditions, we generate 10 to 14 degraded images for the same scene
by applying varying exposure levels.

Dynamic Exposure Factor: The intensity of the exposure is controlled
by a ratio . This ratio determines the specific percentile of the HDR image
used to derive the exposure factor E, allowing for a fine-grained control over
the brightness shift.

Degradation Simulation: We simulate over-exposure (sensor saturation)
and under-exposure (loss of shadow details) by multiplying the HDR image
with the exposure factor E, followed by a clipping operation to fit the valid
pixel dynamic range.

Validity Filtering: Finally, we perform an automated filtering process to
prune unreasonable synthesized samples. Specifically, we implement a valid-
ity check based on pixel distribution: For under-exposed images, we constrain
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Stepl: HDR Scene |
Degradation Simulation

Over-exposed Images Under-exposed Images

FINAL SAMPLES

Fig. 9: The pipeline of our HDR data synthesis strategy.

the proportion of zero-valued pixels; for over-exposed images, we limit the
ratio of saturated pixels (i.e., those reaching the maximum intensity). This
process ensures the physical plausibility and quality of the synthesized data.

E Computational Efficiency Comparisons

Notably, as evidenced in Table [§] our proposed method allows for a substantial
reduction in sampling steps with only a marginal degradation in restoration
quality. While the performance peaks at 250 steps (26.15 dB in PSNR), our
model already achieves highly competitive results with only 5 steps (25.53 dB).
Importantly, even with this 5-step configuration, our model still outperforms all
competing methods in terms of average PSNR/SSIM, indicating that the ODE-
based solver efficiently captures the primary solution trajectory in the early
stages of inference. The ability to trade a slight decrease in PSNR for a 50x
speedup demonstrates the remarkable flexibility and practical scalability of our
approach in resource-constrained environments.

As illustrated in Table [0} compared to one-pass methods, our model in-
evitably incurs increased overhead due to its iterative ODE-based sampling;
however, it demonstrates a significant leap in efficiency relative to the SDE-based
DA-CLIP [31], where our 5-step inference reduces the computational footprint
(FLOPs, Runtime and FPS) by over an order of magnitude.
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Table 8: Performance and efficiency trade-off across different sampling steps (7') on
512 x 512 resolution. PSNR and SSIM values are averaged across all evaluated datasets.

Steps (T') FLOPs (G) | Runtime (ms) | PSNR 1 SSIM 1

5 Steps  4,853.44 685 25.53  0.861
50 Steps  35,844.24 7,240 25.73  0.863
150 Steps  104,712.70 21,852 25.73  0.863
250 Steps 173,581.16 36,225 26.15 0.876

Table 9: Computational efficiency analysis conducted on a single NVIDIA RTX PRO
6000 Blackwell GPU at a resolution of 512 x 512.

Category Model Params (M) Steps (T) FLOPs (G) | Runtime (ms) | FPS 1
AirNet [22] 8.93 1 1174.77 352 2.84
2 PromptIR [41] 35.59 1 690.85 133 7.53
& AdalR [8] 28.78 1 647.02 227 4.40
2 DCPT [17] 35.38 1 690.85 133 7.51
o MoCE-IR [64]  25.35 1 374.17 112 8.92
VLU-Net [65] 188.21 1 749.39 214 4.68
5 DA-CLIP [31] 295.19 100 51637.68 7755 0.13
= Ours 797.04 5t 4853.44 685 1.47

t Sampling steps are variable. Here we report our results with 7' = 5 to highlight
the superior computational efficiency of our method.

F Additional Qualitative Results

We provide additional qualitative comparisons for both Setting (i) and Set-
ting (ii). For Setting (i), we include compact AirNet comparisons to complement
the visual results, as shown in Fig. For Setting (ii), we present comprehensive
qualitative comparisons on five benchmark datasets, including BSD68 (Fig. ,
GoPro (Fig. , LoL (Fig. , Rainl00L (Fig. , and SOTS (Fig. . These
results provide a more complete visual comparison across different experimental
settings.

G Resolution-Agnostic Inference and Results

High-resolution restoration is costly to train due to quadratic token complex-
ity and memory consumption. In practical deployment, however, input resolu-
tions vary widely, and resizing may introduce geometric distortion. We therefore
design a resolution-flexible inference pipeline that (i) supports arbitrary spa-
tial resolutions without retraining within 2x training patches, and (ii) avoids
resizing-induced distortion. While positional embeddings are often parameter-
agnostic, an intuitive approach is to directly recompute the position embedding
and RoPE based on the actual input size during inference.
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Position Embedding. Given a latent partitioned into a N = H x W grid of
patches (tokens), the token sequence is denoted as {z,}}_;, with embedding
dimension d for each token.

2D Sine-Cosine Absolute Positional Embedding The position embedding py, ., of
token zj, ., is constructed by concatenating two 1D sine-cosine embeddings for
the row and column coordinates:

Phyw = [PE1D(h; 4), PEip(w; %) } (21)
For a scalar coordinate u € R, the 1D positional encoding is:
PEip(u;d) = [sin(uwo), cos(uwp), - - -, sin(uwgr y2—1), cos(uwd,m,l)} . (22)

with frequencies defined as: wy = 10000_%, keAo,..., % -1}

RoPE. The rotation matrix of RoPE is calculated as:
R(u) = diag(Rot(uwj), . .., Rot(uwg, j2-1)), (23)

with each rotation matrix Rot () given by:

(24)

Rot () — |:COS€ —sinﬂ .

sinf cos @

LightningDiT uses fixed 2D sine-cosine positional embeddings generated on
a training grid of size Hy x Wy. At inference time, for an arbitrary token grid
H x W, we bicubically interpolate the positional embeddings in the 2D spatial
domain and reshape them back to token sequences. This preserves the global
positional prior while allowing unseen resolutions.

Dynamic RoPE Recalibration. For RoPE applied to the attention Q, K,
we recompute the frequency tables based on the target (H,W) at inference.
This maintains consistent relative positional modeling under resolution changes
without modifying model weights.

Our framework supports inference at arbitrary resolutions without retrain-
ing. The quantitative evaluation results is shown in Table The qualitative
comparison also shown in Figures [I6] to 23] The results shows that SLAIR is
flexible for arbitrary resolutions.
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Table 10: Quantitative comparison on all benchmarks under the resolution-agnostic
setting. Images are proportionally scaled (long side = 512 pixels). Bold and underline
indicate the best and second-best performance, respectively.

Rain1400  Outdoor-Rain  Raindrop UHDSnow SOTS
PSNR1 SSIM{ PSNR?1 SSIMt PSNR1 SSIM{ PSNR1 SSIMt PSNR1 SSIM+

AirNet [22] 2484 794 1657 636 22.55 .838 2236 772 27.54 .955
PromptIR [41] 26.51 834 16.91 .644 23.05 .842 2255 .784 29.34 975
DA-CLIP [31] 27.08 .840 15.55 .573 30.00 .905 29.02 .920 32.03 .965
AdalR [8] 2631 .832 16.80 .642 23.25 842 2337 819 29.05 .975
DCPT [17] 2622 834 1213 523 17.21 .774 20.96 816 29.31 .975
MoCE-IR [64] 26.07 .820 16.73 .635 2238 .837 23.39 .828 29.43 .974
VLU-Net [65] 25.92 .822 16.77 .618 2228 .816 23.19 830 28.65 .976

Ours 26.07 .858 20.60 .775 26.27 .889 26.45 .878 25.19 .934

Method

BSD68 LoL UHDM HDR-Eye Average
PSNR1 SSIMt PSNR?T SSIMT PSNR1 SSIM1T PSNR1 SSIM{ PSNR*T SSIM T

AirNet [22] 31.26  .889 2431 .789 1835 .756 18.52 .794 22.92 .803
PromptIR [41] 31.32 .889 27.86 .876 18.48 .752 16.31 .742 2359 .815
DA-CLIP [31] 26.45 .719 2492 .792 16.97 .583 1729 .795 24.36 .788
AdalR [8] 31.35 .889 26.92 .869 18.70 .760 18.76 .807 23.83 .826
DCPT [17] 30.67 .876 28.15 .869 15.89 .577 1242 746 21.44 777
MoCE-IR [64] 31.35 .886 28.36 .881 18.43 .755 16.51 .761 23.63 .820
VLU-Net [65] 31.41 .892 28.21 .868 17.20 .595 16.79 .760 23.38 .797

Ours 26.71 .831 25.12 .845 21.32 .846 25.26 .901 24.77 .862

Method
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Fig. 10: Additional qualitative results of AirNet under Setting (i). Each row shows GT,
degraded input, AirNet output, and our result on one dataset (Rain1400, Outdoor-
Rain, RainDrop, UHDSnow, SOTS, BSD68, LoL,, UHDM, HDR-Eye).
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Fig.12: Comprehensive qualitative comparison on the GoPro dataset under Set-
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Fig.13: Comprehensive qualitative comparison on the LoL-vl dataset under Set-
ting (ii).
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Fig. 15: Comprehensive qualitative comparison on the SOTS dataset under Setting (ii).
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Fig. 16: Resolution-agnostic qualitative comparison on the Rain1400 dataset.
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Fig. 17: Resolution-agnostic qualitative comparison on the Outdoor-Rain dataset.
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Fig. 18: Resolution-agnostic qualitative comparison on the RainDrop dataset.
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Fig. 19: Resolution-agnostic qualitative comparison on the UHDSnow dataset.
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Fig. 20: Resolution-agnostic qualitative comparison on the BSD68 dataset.
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Fig. 21: Resolution-agnostic qualitative comparison on the LoL-v1 dataset.
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Fig. 22: Resolution-agnostic qualitative comparison on the UHDM dataset.
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Fig. 23: Resolution-agnostic qualitative comparison on the HDR-Eye dataset.
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